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Abstract: We characterized the variation in the reconstructed ancestor of 118 HIV-1 envelope gene sequences arising from 
the methods used for (a) estimating and (b) rooting the phylogenetic tree, and (c) reconstructing the ancestor on that tree, 
from (d) the sequence format, and from (e) the number of input sequences. The method of rooting the tree was responsible 
for most of the sequence variation both among the reconstructed ancestral sequences and between the ancestral and observed 
sequences. Variation in predicted 3-D structural properties of the ancestors mirrored their sequence variation. The observed 
sequence consensus and ancestral sequences from center-rooted trees were most similar in all predicted attributes. Only for 
the predicted number of N-glycosylation sites was there a difference between MP and ML methods of reconstruction. Taxon 
sampling effects were observed only for outgroup-rooted trees, not center-rooted, reﬂ  ecting the occurrence of several diver-
gent basal sequences. Thus, for sequences exhibiting a radial phylogenetic tree, as does HIV-1, most of the variation in the 
estimated ancestor arises from the method of rooting the phylogenetic tree. Those investigating the ancestors of genes 
exhibiting such a radial tree should pay particular attention to alternate rooting methods in order to obtain a representative 
sample of ancestors. 
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Introduction
Reconstructing proteins from ancestral genomic sequences (Cai et al 2004; Cunningham et al 1998) 
allows us to investigate the evolution of protein function (Chang and Donoghue 2000), or to construct 
biologically signiﬁ  cant molecules. Many factors may affect the inference of ancestral sequences but 
assessment has tended to focus on the method of character state reconstruction on a given phylogenetic 
tree. Maximum likelihood (ML) had been shown to be more accurate than maximum parsimony (MP) 
(Koshi and Goldstein 1996; Thornton 2004; Zhang and Nei 1997) but there is recent evidence that 
optimality methods induce deterministic bias (Krishnan et al 2004).
There are several potential sources of error which could contribute to variation in the reconstructed 
ancestor. Generally we have no prior knowledge of which reconstructed ancestral sequence is correct, 
and so when investigating the properties of an ancestor, one might use several reconstruction methods 
to generate a population of potential ancestors which we think will capture method-induced variation 
(for example, Jermann et al 1995).
Deciding which methods to include in an experiment requires knowledge of the relative contribu-
tions of the methodological options to the variation in the reconstructed ancestor. Here we assess these 
sources of variation in ancestral sequence reconstruction, to assist in the choice of relevant methods to 
investigate in any particular application. Our focus is on software and methods which are readily avail-
able to investigators.
Ancestral sequence reconstruction is based on a phylogeny. We assess the variation arising from 
standard methods of estimating the phylogenetic tree. That is, do the different tree building meth-
ods create trees sufﬁ  ciently different so as to have an impact on the reconstructed ancestor? We 
assess how the phylogenetic tree is rooted to deﬁ  ne the ancestral node of the tree, whether by an 
outgroup or using a computed “center of tree”, an enhanced version of mid-point rooting that reduces 
the weight given to the most divergent taxa (Nickle et al 2003). We apply three computational 
approaches to inferring ancestral character states: MP (Edwards and Cavalli-Sforza 1963; 54
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Farris 1970; Swofford and Maddison 1987), ML 
(Yang et al 1995; Zhang and Nei 1997) and empirical 
Bayes’ (Huelsenbeck and Bollback 2001; Schultz 
et al 1996). Lastly, we assess the variation due to the 
informational level (nucleotide, codon or amino acid) 
at which the reconstruction is performed.
The biological properties of predicted ancestors 
are best screened ﬁ  rst by computational methods. 
Only later would it be economic to synthesize and 
analyze some of the postulated proteins from the 
reconstructed sequences (Chang and Donoghue 
2000). By using structural modeling and expert 
systems, we compare the variation in predicted 
characteristics of the hypothesized ancestral pro-
teins with the variation in predictions obtained for 
the observed sequences.
Little is known about the effects of taxon sam-
pling, ie the number and selection of ingroup 
sequences, on ancestral sequence reconstruction. 
A logarithmic improvement in ancestral state recon-
struction using MP has been demonstrated with 
increasing taxon number (Salisbury and Kim 2001) 
and a relatively modest number of taxa are required 
to have reasonable conﬁ  dence that a phylogenetic 
tree includes the true root of the clade (Sanderson 
1996). Here we used a random deletion method to 
determine empirically the effect of taxon sampling.
This assessment was conducted in the context 
of Human Immunodeﬁ  ciency Virus type 1 (HIV-1) 
vaccine design, an area of vigorous study (Mullins 
et al 2004), but our results will be of interest to 
investigators of other biomolecules. Between-host 
variants of HIV-1 usually form phylogenetic trees 
with a star topology, with long terminal branches 
and short branches near the root, as a result of rapid 
divergence (Figure 1A). It has been hypothesized 
that a suitable vaccine might be designed using a 
reconstructed ancestral protein sequence, because it 
will represent a sequence most similar to all 
circulating strains and may therefore elicit a stronger 
immunologic response than other candidate vaccines 
(Gaschen et al 2002; Learn and Mullins 2000; 
Mullins et al 2004; Nickle et al 2003). We identify 
the placement of the root and selection of the out-
group as potentially signiﬁ  cant sources of variation 
in the ancestral sequence as it relates to HIV-1 
vaccine design (Gaschen et al 2002; Nickle et al 
2003; Novitsky et al 2002). Our purpose here is not 
to present a vaccine candidate but to identify those 
methodological stages that contribute to the variation 
in reconstructed ancestral sequences, and hence 
potential vaccines, These results will also assist 
investigators of other such systems in designing their 
computational experiments and in deciding where 
to direct expensive laboratory resources.
Figure 1. An NJ 
phylogenetic tree 
of the HIV-1 env 
se  quences used 
in this study: (A) 
unrooted and (B) 
rooted using an 
outgroup. See the 
text for a discus-
sion of nodes 1, 2, 
3 and 4.
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Methods and Materials
Observed Sequences
The primary data comprised 118 B-subtype DNA 
sequences from the C2-V5 region of the HIV-1 
envelope glycoprotein (env) gene (GenBank 
accession numbers AY139268 - AY139370, 
AY139372, AY139374 - AY139381, AY139383 - 
AY139388), each obtained, one per subject, by the 
U.S. Centers for Disease Control and Prevention 
in five different cities in the United States 
(Anderson et al 2001). As outgroups, we selected 
four D-subtype sequences at random (GenBank 
accession numbers K03454, M27323, U88822, 
U88824), and the consensus sequences for the 
M group and the D subtype, all from the 
LANL HIV-1 sequence database (Korber et al 
2003). The D subtype is the sister group of the 
B subtype within the M group of HIV-1 (Korber 
et al 2000).
Experimental Design and Coding
The ancestral sequence for the observed sequences 
was derived using combinations of different 
methods of tree estimation and sequence recon-
struction (Figure 2 and below), except where they 
have not been implemented in software or are 
meaningless. Some combinations were abandoned 
when computation time exceeded 2 months.
Alignments
A DNA alignment of the observed sequences was 
obtained with ClustalX v1.81 (Thompson et al 
1997), and then adjusted manually to restore the 
reading frame and the translated amino acid 
sequence reported in GenBank. The consensus of 
the aligned DNA sequences was then recorded 
(Con). Three additional DNA alignments included 
the M-group consensus, the D-subtype consensus 
or the D-subtype sequences, again preserving the 
translation.
Rooting the tree
Phylogenetic trees were estimated for each of the 
four alignments. Three sets of trees were rooted 
using as outgroup the four D-subtype sequences 
(D-rooted), the D-subtype consensus (E-rooted) 
or the M-group consensus (M-rooted). The fourth 
phylogenetic tree, lacking an outgroup, was rooted 
at the center (T-rooted), estimated as the point in 
the tree having the least squared distance to the 
branch tips (Nickle et al 2003).
Tree Estimation
The phylogenetic tree was estimated by: (1) 
maximum parsimony (MP) using PAUP* v4.0b10 
(Swofford 2002) and a heuristic search with the 
starting tree obtained by stepwise addition and 
branch swapping using the TBR algorithm (P-tree); 
(2) neighbor joining (NJ) using PAUP*, with 
distance estimated using maximum likelihood 
under the GTR+Γ model (J-tree); (3) maximum 
likelihood (ML) using PAUP*, starting with the 
NJ tree, and then using maximum likelihood under 
the GTR+Γ model and TBR branch swapping 
(L-tree); (4) ML with a ﬁ  xed proportion of invariant 
sites using PAUP*, where the ﬁ  xed proportion of 
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Figure 2. Each ancestral sequence reconstruction was given a 
4-letter code in which each position indicates sequentially (a) how 
the ancestral node was defined, (b) the method of tree building, 
(c) the method of ancestor reconstruction and (d) the format in 
which the ancestor was reconstructed. All potential reconstruc-
tions for a single outgroup are shown, while a similar number 
were considered for the other outgroups and methods of rooting 
the tree.56
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invariant sites (pI = 0.1254) had been estimated on 
an ML D-rooted tree (I-tree); while (5) in the 
empirical Bayes’ analysis, no tree was estimated 
(0-tree).
Ancestral Sequence Reconstruction
The ancestral sequence was reconstructed at the 
node basal to the clade of observed sequences as: 
amino acids (A-format), codons (C-format) and 
nucleotides (N-format).
(1) The B-method used Bayesian phylogenetic 
inference and Markov chain Monte Carlo 
(MCMC) using MRBAYES v2 (Huelsenbeck and 
Ronquist 2001). No phylogenetic tree was esti-
mated (0-tree), but the ancestral node was speci-
ﬁ  ed by constraining the sequence reconstruction 
to the node basal to the clade containing the 
observed sequences. The outgroup sequences 
were excluded from this constrained group, effec-
tively rooting the tree (D-rooted, E-rooted or 
M-rooted). Only N-output ancestral sequences 
were reconstructed. The results report the 
sequence obtained from a single chain of 3 × 10
7 
generations, under the GTR+Γ+I model, but see 
the online Supplementary Materials for further 
discussion.
(2) ML reconstructions (L-method) were 
obtained using PAML v3.13 (Yang 1997). A-format 
sequences were reconstructed using codeml, an 
amino acid alignment, and Jones substitution 
matrix (Jones et al 1992). C-format sequences 
were reconstructed using codeml, a DNA alignment, 
empirical codon frequencies, empirical nucleotide 
frequencies estimated separately by codon 
position, one estimate of the nonsynonymous:
synonymous substitution ratio ω across all 
branches, and one estimate of the transition:
transversion ratio κ. N-format sequences were 
reconstructed using baseml, a DNA alignment, 
GTR model of nucleotide substitution with one 
rate across all branches, empirical nucleotide 
frequencies, one estimate of the transition:
transversion ratio κ. In each case a marginal 
reconstruction was performed and the rate 
heterogeneity among sites was modeled by the 
Γ-distribution with α estimated using 4 bins.
(3) MP reconstructions (P-method) were 
obtained using PAUP*, to give A-format or N-format 
sequences.
Comparisons among reconstructed 
ancestral sequences
When comparing reconstructed sequences we 
deleted unreliable sites where gaps in the observed 
sequences had a frequency of 0.50 or greater. These 
gaps arose through alignment with outgroup 
sequences or observed sequences with rare 
insertions.
Structural Prediction
The variation in the tertiary structure of ancestral 
sequences was assessed using (a) threading 
(reported in the online Supplementary Material) 
and (b) the variation in the energy of the structure 
predicted by the spatial constraints method (Sali 
and Blundell 1993). A few protein sequences were 
ﬁ  rst submitted to the Swiss-Model comparative 
modeling protein server (http://www.expasy.org/
swissmod/) to identify suitable structural templates 
for subsequent modeling. The three templates 
identiﬁ  ed (PDB IDs: 1g9mG, 1g9nG, and 1gc1G) 
are each derived from HIV-1 B-subtype sequences 
with the V3 loop mutationally excised. The 
observed and ancestral sequences were aligned 
with the template sequences, again pruned both of 
unreliable sites and of sites that did not occur in 
the templates, and then modeled using Modeller 
(Sali and Blundell 1993) to obtain the energy of 
the inferred structure. Again, an energy with a 
larger negative value indicates a better ﬁ  t to the 
templates.
Immunological Prediction
All of the original and ancestral sequences were 
searched for potential epitopes. Again, sites 
where gaps had a frequency of 0.50 or greater were 
deleted. Then ungapped sequences were compared 
with all of the antibody (Ab), helper T-cell (HTL) 
and cytotoxic T-cell (CTL) epitopes recorded in 
the LANL HIV-1 immunology database (Korber 
et al 2003).
Further, the number of CTL epitopes was 
predicted using MHCPred (Guan et al 2003), 
which predicts the 9-mer sites recognized by a 
MHC Class I allele, for all of the alleles supported 
by MHCPred in late 2003 (A*0101, A*0201, 
A*0202, A*0203, A*0206, A*0301, A*1101, 
A*6801, A*6802, and B*3501). The sites were 
ranked by their predicted afﬁ  nity threshold (IC50), 57
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the concentration (nM) for which 50% binding is 
predicted. Sites were categorized as having high 
(IC50  50 nM), intermediate (IC50 in range 
50–500 nM) or low (IC50 in range 500-5000 nM) 
afﬁ  nity (Sette et al 1994). Analysis was limited for 
practical reasons to ancestral sequences recon-
structed from D- and T-rooted trees, representing 
the two types of tree rooting, and all observed 
sequences. Reconstructed ancestral sequences 
were submitted unaltered, and MHCPred ignored 
any ambiguity code in the sequence.
N-glycosylation Prediction
The number of acceptor sites for N-linked 
glycosylation on each sequence was estimated 
using NetNGlyc (Gupta et al 2002) with the default 
prediction threshold.
Taxon Sampling
The full set of B-subtype sequences was subsampled 
by removing a proportion of sequences selected at 
random. The proportions of sequence removed were 
10% (i.e. leaving 90% intact), 25%, 50%, 75% and 
90%, with 100 replicates of each. For each replicate 
sample, the phylogenetic tree was estimated using 
NJ (J-tree as above). The trees were rooted either 
by using the D-subtype sequences as an outgroup 
or at the center (D- and T-rooted trees). The rooted 
tree was also generated by pruning the selected taxa 
from the full tree based on all sequences. Then, the 
ancestral nucleotide sequence was predicted both 
by ML and by MP (L-method and P-method as 
above). The variation in the reconstructed ancestral 
nucleotide sequence was assessed by computing 
the proportional difference (  p-distance) from the 
appropriate reference ancestral sequence recon-
structed using all 118 B-subtype sequences. There 
were four reference sequences, each determined 
using a combination of the method of rooting the 
tree (outgroup vs center) and the method of recon-
structing the ancestral sequence (ML vs MP).
Results
Sequence variation among 
reconstructed ancestral sequences
Ancestral sequences reconstructed under many 
combinations of methods (Figure 2) were compared 
as amino acid sequences. On average the pairwise 
p-distance between ancestral sequences (mean: 
0.11, range: 0.005 - 0.23) was only half that among 
the observed sequences (mean: 0.26, range: 
0.06 - 0.39) (Figure 3). When ancestral sequences 
were grouped by the method of rooting the phylo-
genetic tree, mean p-distance was least among 
sequences reconstructed at the center of the tree, 
increased through sequences reconstructed using 
D-subtype sequences or consensus as the outgroup, 
and was greatest when the M-group consensus was 
used as the outgroup. Clustering the sequences by 
UPGMA (Swofford 2002) identiﬁ  ed major groups 
based on the method used to root the phylogenetic 
tree (Figure 4). The ﬁ  rst cluster (group 1) contained 
all of the ancestral sequences from the center of 
the tree and the consensus of the observed 
sequences. Otherwise this cluster had little struc-
ture with respect to the other reconstruction tech-
niques used here. The next cluster (group 2) 
comprised ancestral sequences derived using the 
M-group consensus as the outgroup, within which 
the sequences clustered according to the method 
used in phylogenetic tree construction. The second 
half of the tree included reconstructions which arose 
when the D-subtype sequences or consensus were 
the outgroup, in three subgroups: one (group 3) 
contained cases where the ancestor was recon-
structed as amino acid sequences, another (group 4) 
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Figure 3. Genetic distances between observed and ancestral 
sequences. The mean (error bars indicate range) pairwise p-distance 
between each ancestral sequence and the observed sequences 
(white bars), within each group of ancestral sequences (grey bars), 
and among the observed sequences (hatched bar), for ancestral 
sequences from phylogenetic trees rooted with an outgroup: 
D-subtype sequences (D), D-subtype consensus (E), M-group 
consensus (M), or at the Center of Tree (T), and the consensus of the 
observed sequences (Con).58
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contained ancestral sequences reconstructed as 
codon or nucleotide sequences, and the third 
(group 5) contained a miscellany of reconstruc-
tions. Four outlier sequences, including the three 
sequences reconstructed using Bayesian methods, 
fell distant from other sequences reconstructed 
with the same rooting method. Similar results were 
obtained from multidimensional scaling, and are 
available online as Supplementary Material.
Sequence differences between 
reconstructed ancestral 
and observed sequences
While there was considerable variation in the 
extent to which the ancestral sequences differed 
from observed sequences, from being identical to 
being different at one-third of amino acid sites 
(Figure 3), the major differences were primarily 
among the methods of rooting the phylogenetic 
tree, and only secondarily between the methods of 
reconstructing the ancestral sequence on those 
trees. The distribution of mean p-distance between 
an ancestral sequence and the original sequences 
was multimodal (Figure 5). The greatest similarity 
with observed sequences was found for the set 
comprising the consensus of the observed 
sequences, the ancestral sequences reconstructed 
at the center of the tree (group 1 in Figure 4) and 
an ancestral sequence reconstructed using the 
Bayesian method (outlier 2' in Figure 4). When the 
M-group consensus was used as the outgroup, 
the reconstructed ancestral sequences (group 2' in 
Figure 4) had a higher mean and greater range in 
distance values. Among this group of sequences, 
those reconstructed by MP tended to have greater 
mean distances to the observed sequences than did 
those reconstructed using ML. The highest mean 
distances arose when the D-subtype sequences or 
consensus were used as the outgroup (groups 3, 4 
and 5 in Figure 4). Among this set of ancestral 
sequences, those reconstructed by MP were 
significantly more distant from the observed 
sequences than were those reconstructed by ML 
(Mann-Whitney U test, P  0.001).
Effect of the outgroup on the 
reconstructed ancestral sequence
The outgroup has two potential effects on variation 
in the reconstructed ancestors, indirectly in the 
placement of the root node on the tree, and directly 
through its inﬂ  uence on the reconstruction of char-
acter states at interior nodes in the tree. For some 
experimental situations, the ancestral sequence was 
reconstructed a second time on a rooted tree while 
excluding the actual outgroup sequence from the 
alignment. The relative magnitudes of the outgroup 
effects were assessed by considering the difference 
between paired sequences, reconstructed with or 
without the outgroup sequence, or with different 
positions of rooting. The presence of the outgroup 
sequence (D-subtype consensus vs M-group con-
sensus) was responsible for a 10% difference in 
the ancestral sequence while the position of the 
root node (as set by the outgroups or at the center 
of the tree) was responsible for a 14% difference. 
By comparison, the method of inferring the ances-
tral sequence on the tree (e.g. ML vs MP) generated 
a difference of 9%, regardless of whether the out-
group sequence was present. More details are given 
in the Supplementary Materials.
Variation in predicted structural 
properties
The distribution of model energies predicted 
by Modeller for the observed sequences was 
Table 1. Immunologic epitopes predicted for 
reconstructed sequences. The number of neutralizing 
antibody (Ab), helper T-cell (HTL) and cytotoxic T-cell 
(CTL) epitopes identiﬁ  ed in each observed sequence, 
their consensus, and in each ancestral sequence, are 
reported. The ﬁ  rst three columns are the mean number 
of each type of epitope per sequence, while the last two 
columns are the mean and standard deviation (SD) of 
the total number of all of these epitopes per sequence.
Sequences Ab HTL CTL All 
(Mean)
All 
(SD)
B-subtype
 Observed  sequences 2.8 1.4 3.4 7.6 3.0
 Sample  Consensus 7 3 7 17 -
Ancestral sequences
 D -rooted 5.9 1.6 6.7 14.1 2.8
 E -rooted 5.2 2.0 6.0 13.2 2.1
 M -rooted 4.4 1.7 5.4 11.5 4.7
 T -rooted 6.9 3.0 6.7 16.5 1.259
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symmetrical, but over-dispersed, while for the 
ancestral sequences the distribution was bimodal 
(Figure 6). A lower negative value for model energy 
indicates a poorer ﬁ  t of the predicted structure on 
the template structures. Lower values were observed 
for ancestral sequences reconstructed on trees 
rooted with an outgroup, among which signiﬁ  cantly 
lower energies were observed when MP, rather than 
ML, was used to reconstruct the ancestor (Mann-
Whitney U test, P  0.001). In contrast, higher 
model energies were found for the consensus of the 
observed sequences and for ancestral sequences 
reconstructed on trees rooted at the center. 
However there was no discernible pattern of 
variation due to the method of reconstruction 
among these sequences. Similar differences 
between ancestral sequences reconstructed on 
outgroup-rooted trees and on center-rooted trees 
were observed when threading was used to 
identify the protein fold (see online Supplementary 
Materials).
Variation in predicted number 
of epitopes
Potential Ab, HTL and CTL epitopes, identiﬁ  ed 
by sequence comparison with epitope databases, 
were found in most of the observed and ancestral 
sequences (Figure 7). In general, the ancestral 
sequences had very similar epitope proﬁ  les, con-
taining all but the rarest epitopes in the observed 
sequences. Of the epitopes with frequency  5% 
in the observed sequences, the majority were 
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common (frequency  50%) in the ancestral 
sequences (7 of 8 Ab, 2 of 4 HTL, and 7 of 8 CTL 
epitopes). No rare epitopes (frequency  5% in 
the observed sequences), nor additional epitopes, 
were observed in the ancestral sequences. Single 
uncommon HTL and CTL epitopes (frequency 
5–6% among observed sequences) were recon-
structed only under Bayesian analysis, in the case 
when the D-subtype sequences were used to 
constrain the ingroup, but not when either the 
D-subtype or M-group consensus sequences 
formed the outgroup. The average number of epi-
topes observed in each of the ancestral sequences 
was greater than in the observed sequences 
(Table 1). Ancestral sequences reconstructed on 
trees rooted at the center had the greatest mean 
and smallest range in number of epitopes, while 
the lowest mean and greatest range in number of 
epitopes were found when the M-group consensus 
formed the outgroup. The consensus of the 
observed sequences had the greatest number of 
each type of epitope.
Variation in predicted MHC 
binding sites
The number and binding afﬁ  nity of T-cell epitopes 
or recognition sites, predicted by MHCPred to 
occur on each sequence, did not show clear differ-
ences on the basis of reconstruction method. In 
general, the majority of predicted binding sites had 
low predicted binding afﬁ  nity, while sites with 
medium binding affinity were intermediate in 
number, and high binding afﬁ  nity sites least com-
mon. The ancestral and observed sequences were 
compared by jointly ranking them on the number 
of predicted binding sites. The higher ranks among 
all sequences were dominated by those for ances-
tral sequences reconstructed using likelihood, 
either as codons or nucleotides, or from ancestral 
sequences reconstructed on trees rooted using the 
D-subtype sequences as the outgroup, depending 
on the way in which the average ranks were com-
puted. The consensus of the observed sequences 
had an intermediate score in all aspects of this 
analysis. However, the number of predicted bind-
ing sites was not supported by the number of 
epitopes inferred by comparing sequences against 
databases of known epitopes (Table 1). The results 
of the analysis are given in greater detail in the 
online Supplementary Materials.
Variation in predicted number 
of N-glycosylation binding sites
The number of N-glycosylation binding sites 
predicted by NetNGlyc to occur in each sequence 
varied among both observed and ancestral 
sequences (Figure 8). The number of binding sites 
in the ancestral sequences varied in a similar man-
ner to the number in the observed sequences, and 
there was no pattern discernible with respect to the 
way in which the phylogenetic tree had been rooted 
(Figure 8A). However, sequences reconstructed by 
ML had a signiﬁ  cantly greater number of binding 
sites than did sequences reconstructed by MP 
(Mann-Whitney U test, P  0.001).
Taxon Sampling
Overall, the ancestral sequence reconstructed from 
a subsample became progressively more divergent 
from the reference sequence as the size of the 
subsample decreased (Figure 9). The pattern of 
divergence differed qualitatively according to how 
the tree was rooted, and quantitatively according 
to the method used to reconstruct the ancestral 
sequence.
When the tree was rooted using D-subtype 
sequences as the outgroup, the mean diver-
gence of ancestral sequences increased relatively 
linearly with increasingly smaller subsamples 
(Figure 9A) whereas the variance in divergence 
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was lower when either a large or small number of 
sequences was used, and was greater at intermedi-
ate numbers of sequences (Figure 9B). At low 
percentages of sequence removal, sequences 
reconstructed via MP or ML were equally similar 
to the reference ancestral sequences, but as 
more sequences were removed, sequences recon-
structed using MP became more divergent than 
sequences reconstructed using ML, and showed 
greater variance.
In sharp contrast to ancestral sequences recon-
structed on trees rooted with an outgroup, the 
mean and variance in divergence of sequences 
reconstructed at the center of the tree remained 
low across most of the range of sample sizes 
(Figure 9A). Only when 90% of the sample was 
removed did the mean divergence increase. The 
mean divergence of sequences reconstructed by 
MP was slightly greater than when ML was used. 
The change in the divergence of the consensus of 
the sequences in the subsample was similar in form, 
but of lower magnitude, to that for sequences 
reconstructed at the center of the tree.
The pattern of divergence observed for ances-
tral sequences reconstructed on trees rooted with 
the outgroup might have arisen because the place-
ment of the root changed on the phylogenetic tree 
having fewer leaves. To test the effect of altered 
rooting, the original phylogenetic tree of 118 taxa 
was pruned of those taxa chosen for deletion, 
thereby leaving the root as close to its original 
position as possible, and the ancestral sequence 
was reconstructed. In all 10 cases involving the 
outgroup (5 proportions deleted X 2 methods), 
the mean divergence of the ancestral sequences on 
the pruned tree was less than on the re-estimated 
tree (results not shown) whereas for trees rooted 
at the center, differences in mean divergence were 
observed only when small proportions of sequences 
were deleted. These observations suggested that 
the position of the root was changing signiﬁ  cantly 
on outgroup-rooted trees, but not on center-rooted 
trees, as the number of sequences was reduced. 
However, by examining the individual pairs of 
trees (re-estimated and pruned), we found that the 
position of the root for outgroup-rooted trees had 
changed only at the higher percentages removed 
(10%: 0; 25%: 2; 50%: 13; 75%: 63; 90%: 82, each 
of 100 cases). In contrast, for center-rooted trees 
the position of the root had changed in every one 
of 500 cases. Clearly a confounding factor was 
involved.
Closer inspection of the whole tree rooted using 
an outgroup (Figure 1B) revealed four sequences 
on relatively long branches near the base of the 
ingroup. It was hypothesized that the presence of 
these sequences in the sample had a signiﬁ  cant 
effect on the placement of the root, and conse-
quently on the ancestral sequence. When some or 
all of these sequences were present, the ancestral 
sequence was reconstructed at nodes 1, 2 or 3, but 
when all were absent then node 4 became the 
ancestral node. The replicate subsamples were 
separated on the basis of the number of these basal 
sequences present and the mean and variance of 
divergence were recalculated. For sequences 
reconstructed on outgroup-rooted trees there was 
an inverse relationship between the mean divergence 
and the number of these basal sequences present, 
for both ML (Figure 10A) and MP (similar results, 
not shown). Furthermore, the variance in divergence 
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for each size of subsample was positively correlated 
with the variance in the number of these basal 
sequences present in the subsample (Spearman 
rS = 0.9), for either method. In contrast, for 
sequences reconstructed at the center of the tree 
we found that these basal sequence had no direct 
effect on the reconstructed ancestral sequence 
(Figure 10B) for either method of reconstruction. 
Divergence was constant with respect to the num-
ber of the basal sequences present in the subsample, 
and changed only on the basis of the size of that 
subsample.
Discussion
The variation in the sequence and structural 
characteristics of the ancestral gene sequences 
reconstructed by different methods was dominated 
by the effect of the method used to root the phylo-
genetic tree on which the reconstructions were 
based. The method used to reconstruct the ancestral 
sequence, or the type of the reconstructed sequence, 
had only secondary relevance to the variation 
observed. Generally the technique used to estimate 
the phylogenetic tree was irrelevant to the outcome. 
For only one of the immunological characters 
estimated, the number of N-glycosylation sites, 
were ancestral gene sequences strongly inﬂ  uenced 
by the analytic method used to reconstruct the 
ancestral sequence.
Previous assessments of ancestral state recon-
structions have focused on the accuracy of the 
method, rather than the variation among methods. 
Although parsimony has been shown to reconstruct 
true ancestors with a high degree of accuracy in 
laboratory settings involving the serial propagation 
of bacteriophage (Bull et al 1993; Hillis et al 1992), 
likelihood methods have been considered to be 
more accurate (Huelsenbeck and Crandall 1997; 
Koshi and Goldstein 1996; Thornton 2004; Yang 
et al 1995; Zhang and Nei 1997) because of more 
realistic model speciﬁ  cation. Empirical Bayes’ 
methods (Huelsenbeck and Bollback 2001; Schultz 
et al 1996) extended these optimality methods by 
integrating across tree topologies to choose the 
most likely character state. Krishnan and colleagues 
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(2004) have recently demonstrated however that 
each of these optimality methods introduces a 
deterministic bias in nucleotide frequencies and 
that the entire posterior probability distribution of 
ancestral states should be considered when infer-
ring ancestral function. However, they take the 
phylogenetic tree as a given, including the taxa 
represented, the tree’s topology and its root, and 
do not investigate the variation arising from these 
factors. Pagel and colleagues (2004) assessed 
conﬁ  dence in the state reconstructed at internal 
nodes of the tree, including the root, by assessing 
variation across trees sampled by MCMC and in 
particular by considering the occurrence of the 
node. When a node exists in only some of the 
potential phylogenetic trees, but the reconstruction 
is constrained to those trees which contain that 
node (for example, Huelsenbeck and Bollback 
2001), Pagel and colleagues showed that conﬁ  -
dence in the reconstruction is over-estimated.
The study reported here was initiated prior to 
the publication of Krishnan’s and Pagel’s results 
and used methods and software tools which are 
commonly available to investigators. While the 
optimality methods used in all reconstructions 
may introduce bias, we may ask how important 
that bias is in the presence of the other factors 
investigated. Because the set of input sequences 
was constant, each reconstruction was conceptu-
ally of the same ancestor, and so we expected the 
variation in the ancestor to be less than that of the 
input sequences. However, the range of values 
of the structural and immunological attributes 
predicted computationally for the inferred ances-
tral sequences matched that of the input sequences 
(Figures 6, 7, 8). Both when the variation was due 
primarily to the method of rooting the tree, as for 
the predicted structure, or when it was due to the 
method of reconstruction, as for the number 
of predicted N-glycosylation sites, the range of 
values associated with each technique (eg, MP 
or ML) was a signiﬁ  cant proportion of the range 
of values predicted for the input sequences. While 
optimality methods of sequence reconstruction 
may induce deterministic biases in inferred prop-
erties (Krishnan et al 2004), it appears that the 
other factors in the current study either compen-
sate for, or overwhelm, the magnitude of these 
biases.
It is perhaps perplexing that the rooting method 
should have such significance when previous 
studies have revealed major differences between 
MP and ML. This may be due in part to the strongly 
radial form of the phylogenetic tree (Figure 1A). 
Rooting with one outgroup or another will often 
cause the ancestral node to be placed differently 
on the tree, in either case somewhere other than at 
the center. However the actual sequence of the 
outgroup also introduces variation through its inﬂ  u-
ence on the reconstruction of character states at 
interior nodes of the tree. This outgroup effect may 
simply be a common source of variation which is 
routinely overlooked in assessments of reconstruc-
tion methods. The magnitude of this outgroup 
effect should relate to the divergence of the out-
group sequence from the most recent common 
ancestor with the ingroup. With tree topologies 
having a less radial topology, as when branch 
lengths are sampled by a Yule process, the place-
ment of the root should be less sensitive to the 
choice of outgroup. However, as we show here, 
the outgroup affects both the placement of the root 
and the reconstruction of character states at internal 
Figure 10. Mean divergence of ancestral sequences reconstructed 
using ML on subsets of sequences from that reconstructed for the 
entire sample of 118 sequences in relation to the number of basal 
sequences present (i.e. those joining the rooted tree at nodes 1, 2, 
and 3 in Figure 1) for ancestors estimated on phylogenetic trees (A) 
rooted using an outgroup and (B) rooted at the center. Symbols: 
circle - 10% removed; diamond - 25% removed; triangle - 50% 
removed; inverted triangle - 75% removed; square - 90% removed; 
ﬁ  lled - very small sample sizes (N  5).
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nodes, so that an appreciable outgroup effect is still 
to be expected.
Whereas ML and MP are well-established tech-
niques for ancestral reconstruction, Bayesian 
methods have not had wide use. Here, the empiri-
cal Bayes’ method reconstructed ancestors very 
different from other ancestral sequences recon-
structed on a rooted tree, and from one another, in 
three cases using different sets of sequences as the 
constraining outgroup (Figure 4), and in other 
analyses reported in the online Supplementary 
Material. Because the phylogenetic tree for HIV-1 
has short internal branches and long terminal 
branches (Figure 1), our data may lack sufﬁ  cient 
phylogenetic information for reliable determina-
tion of character states at nodes near the root. 
Under the empirical Bayes’ method, the ancestral 
state for each site is the nucleotide having the 
greatest posterior probability given the outgroup 
constraints and the phylogenetic trees visited dur-
ing MCMC sampling. So at highly variable sites 
the nucleotide selected may have only a modest 
posterior probability (P), approaching one-quarter 
in the limit. While most sites had nucleotide 
assignments with very high posterior probability 
(P  0.99), 5–9% of sites had P  0.9 and 2–3% 
of sites had P  0.7. Our results suggest that 
empirical Bayes’ methods may in some situations, 
especially those with larger data sets, contribute to 
variation in the reconstructed ancestor. Method-
ological improvements may help to reduce that 
variation (Krishnan et al 2004).
The center-of-tree approach to mid-point root-
ing of the phylogenetic tree minimizes the effect 
of highly divergent taxa on the tree (Nickle et al 
2003). Given the relatively symmetric and star-
like phylogenetic tree for HIV-1 (Figure 1A), it 
is unsurprising that the observed sequence 
consensus shared many attributes with ancestral 
sequences estimated using center-of-tree rooting. 
Ancestors estimated using outgroups must be 
more divergent than the consensus or those 
obtained from a center-of-tree root because these 
outgroups are more distant (Korber et al 2000, 
their Fig. 1).
While we have studied the variation in ances-
tral sequences reconstructed on star-like phyloge-
netic trees (Figure 1), we recognize that for other 
tree topologies the factors associated with tree and 
sequence estimation may make different relative 
contributions to the variation in the reconstructed 
ancestor. Nevertheless, we have restricted ourselves 
to this one topology because, in our experience, 
highly infectious viruses such as HIV-1 and inﬂ  u-
enza exhibit such topologies and because this 
study was initiated in the context of identifying 
potential vaccine candidates. We wished to under-
stand the variation in the ancestor which might 
arise from the methods used. An examination of 
ancestral reconstruction on other topologies, while 
desirable, is beyond the scope of this study.
Taxon sampling, that is whether the sample is 
representative of natural sequence variation, may 
be a source of variation in the reconstructed ances-
tor. Our data set is based on viral extracts from 
infected individuals sampled in a short time in 
many widespread US cities (Anderson et al 2001), 
and thus reduces the potential issue of having some 
clades over- or under-represented by recent clonal 
expansion within a host or host population. Here 
the contribution of taxon sampling to the variation 
in the reconstructed ancestor lay not so much in the 
number, as in the nature, of the input sequences, 
especially when the phylogenetic tree was rooted 
with an outgroup (Figure 9). A small number of 
relatively divergent sequences falling near the root 
played a dominant role in specifying the ancestor 
(Figures 1B, 10). Although sequences reconstructed 
on outgroup-rooted trees became progressively 
more different, and highly variable, at smaller taxon 
samples, this trend was due to the frequency of 
occurrence of these divergent sequences. In con-
trast, ancestors reconstructed on trees rooted at the 
center were largely unaffected by taxon sampling. 
These divergent sequences did not fall near the root 
when it was placed at the center of the tree, and 
consequently had less signiﬁ  cance.
We might conjecture that the variation in ances-
tral sequences reconstructed on trees rooted at the 
center will always be lower. Because the tree cen-
ter is deﬁ  ned as the point having the least squared 
distance to the leaves, the proportionate effect of 
a few long branches at the edge of the tree will be 
much less than when an outgroup is used to root 
the tree. Also, the standard method for midpoint 
rooting, using the midpoint of the longest path on 
the tree, should be more sensitive to the inclusion 
of highly-divergent taxa in the sample.
The impact of these basal taxa on outgroup-
rooted trees will have signiﬁ  cance for the sampling 65
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strategy of studies designed to characterize ancestral 
sequences. When speciation and extinction occur 
at constant rates over time, Sanderson (1996) has 
shown that only a relatively modest sample size is 
needed for one to be 95% conﬁ  dent that the phy-
logenetic tree includes the basal node for a large 
clade. Our results suggest that recombination or 
introgression may be an unexpected and greater 
source of variation in the reconstructed ancestor. 
For example, in viruses such as HIV-1 (McCutchan 
et al 1999) or FIV (Bachmann et al 1997; Casado 
et al 2001), putative recombinant sequences usu-
ally fall on a phylogenetic tree between the hypoth-
esized parental strains or subtypes. In such cases 
the inclusion of recombinant sequences in the 
sample may have a signiﬁ  cant impact on the ances-
tor reconstructed. Similarly systematic bias in the 
sampling of natural sequence variation may result 
in greater variance in the estimated basal node, and 
ancestral sequence.
The HIV-1 envelope glycoprotein elicits a 
strong humoral response from the host, and is 
consequently under strong selection for sequence 
change in order to evade epitope recognition by 
neutralizing antibodies, cytotoxic T lymphocytes 
and helper T lymphocytes (McMichael and Phillips 
1997; Phillips et al 1991; Ross and Rodrigo 2002) 
and to acquire surface-bound carbohydrates to 
mask the protein from host surveillance (Reitter 
et al 1998; Wei et al 2003). In the context of HIV-1 
vaccine design, our results suggest that the method 
of rooting the phylogenetic tree and the method of 
reconstructing the ancestor contribute to variation 
in predicted immunological properties, and so 
should be investigated when reconstructing 
ancestral sequences in order to obtain promising 
candidate vaccine sequences. On the other hand, 
the methods of tree construction, and the format 
in which the sequence was reconstructed, made 
only slight contributions to variation in the ancestral 
sequence. So, computationally efﬁ  cient methods, 
such as using neighbor-joining to estimate the 
phylogenetic tree and using nucleotides as the 
information level, may be adequate to sample suit-
able candidate vaccines.
Studies of the biochemical evolution of ancient 
biomolecules or their application to biotechnology 
must cope with uncertainty in the estimation of 
the ancestral sequence. One approach to assessing 
this uncertainty is to use Bayesian methods to 
estimate the posterior probability distribution of 
the ancestor. Another approach, used here, is to use 
different methods to obtain a sample of potential 
ancestors. Our results clearly show that, in the case 
of a radial phylogeny, variation in the sequence 
and structural properties of the ancestors arose 
from variation in the method of rooting the phylo-
genetic tree. When pragmatic decisions must be 
made regarding resource allocation in the design 
of an experiment to investigate possible ancestors 
more computationally intensive methods of tree or 
sequence reconstruction may not be necessary 
when simpler methods will give an adequate rep-
resentation of the ancestor-space.
Aknowledgements
Shaun Lott and Vic Arcus gave important advice 
on protein structure modeling. Alan Russell 
assisted with the computation. Greg Ewing 
assisted with the Bayesian analysis. Comments 
by David Posada and Eddie Holmes signiﬁ  cantly 
improved this paper. This work was supported 
by a grant to J. I. M. from the Boeing Corpora-
tion. Partial ﬁ  nancial support for this study came 
from the Allan Wilson Center for Molecular Ecol-
ogy and Evolution and from the Bioinformatics 
Institute.
References
Anderson JP, Rodrigo AG, et al. 2001. Substitution model of sequence 
evolution for the human immunodeﬁ  ciency virus type I subtype B 
gp120 gene over the C2-V5 region. J Mol Evol, 53: 55-62.
Bachmann MH, Mathiason-Dubard C, et al. 1997. Genetic diversity of feline 
immunodeﬁ  ciency virus: dual infection, recombination, and distinct 
evolutionary rates among envelope sequence clades. J Virol, 71: 
4241-53.
Bull JJ, Cunningham CW, et al. 1993. Experimental molecular evolution 
of bacteriophage T7. Evolution, 47: 993-1007.
Cai W, Pei J, et al. 2004. Reconstruction of ancestral protein sequences and 
its applications. BMC Evol Biol, 4: 33.
Casado C, Garcia S, et al. 2001. Different evolutionary patterns are found 
within human immunodeﬁ  ciency virus type 1-infected patients. J Gen 
Virol, 82: 2495-508.
Chang BSW, Donoghue MJ. 2000. Recreating ancestral proteins. Trends 
Ecol Evol, 15: 109-14.
Cunningham CW, Omland KE, et al. 1998. Reconstructing ancestral 
character states: a critical reappraisal. Trends Ecol Evol, 13: 361-6.
Edwards AWF, Cavalli-Sforza LL. 1963. The reconstruction of evolution. 
Heredity, 18: 553.
Farris JS. 1970. Methods for computing Wagner trees. Syst Zool, 19: 83-92.
Gaschen B, Taylor J, et al. 2002. Diversity considerations in HIV-1 vaccine 
selection. Science, 296: 2354-60.
Guan P, Doytchinova IA, et al. 2003. MHCPred: a server for quantitative 
prediction of peptide-MHC binding. Nucleic Acids Res, 31: 3621-4.
Gupta R, Jung E, et al. 2002. NetNGlyc: Prediction of N-glycosylation sites 
in human proteins [online]. Accessed 2 Feb 2005. URL: http://www.
cbs.dtu.dk/services/NetNGlyc/66
Ross et al
Evolutionary Bioinformatics Online 2006:2
Hillis DM, Bull JJ, et al. 1992. Experimental phylogenetics: generation of 
a known phylogeny. Science, 255: 589-92.
Huelsenbeck JP, Bollback JP. 2001. Empirical and hierarchical Bayesian 
estimation of ancestral states. Syst Biol, 50: 351-66.
Huelsenbeck JP, Crandall KA. 1997. Phylogeny estimation and hypothesis 
testing using maximum likelihood. Ann Rev Ecol Syst, 28: 437-66.
Huelsenbeck JP, Ronquist F. 2001. MRBAYES: Bayesian inference of 
phylogeny. Bioinformatics, 17: 754-5.
Jermann TM, Opitz JG, et al. 1995. Reconstructing the evolutionary history 
of the artiodactyl ribonuclease superfamily. Nature, 374: 57-9.
Jones DT, Taylor WR, et al. 1992. The rapid generation of mutation data 
matrices from protein sequences. Comput Appl Biol Sci, 8: 275-82.
Korber B, Brander C, et al. eds. 2003. HIV Molecular Immunology Database 
2002, Los Alamos, New Mexico, Theoretical Biology and Biophysics, 
Los Alamos National Laboratory.
Korber B, Muldoon M, et al. 2000. Timing the ancestor of the HIV-1 
pandemic strains. Science, 288: 1789-96.
Koshi JM, Goldstein RA. 1996. Probabilistic reconstruction of ancestral 
protein sequences. J Mol Evol, 42: 313-20.
Krishnan NM, Seligmann H, et al. 2004. Ancestral sequence reconstruction 
in primate mitochondrial DNA: compositional bias and effect on 
functional inference. Mol Biol Evol, 21: 1871-83.
Learn GH, Mullins JI. 2000. Inferring an ancestral Asian HIV-1 Subtype E 
env sequence for use as a vaccine immunogen. Twelfth Joint Scientiﬁ  c 
Meeting of the AIDS Panels for the US-Japan Cooperative Medical 
Science Program. Santa Fe, NM, USA.
McCutchan FE, Carr JK, et al. 1999. Subtype G and multiple forms of A/G 
intersubtype recombinant Human Immunodeﬁ  ciency Virus Type 1 
in Nigeria. Virology, 254: 226-34.
McMichael AJ, Phillips RE. 1997. Escape of human immunodeﬁ  ciency 
virus from immune control. Annu Rev Immunol, 15: 271-96.
Mullins JI, Nickle D, et al. 2004. Immunogen sequence: the fourth tier of 
AIDS vaccine design. Expert Review of Vaccines, 3: S151-S9.
Nickle DC, Jensen MA, et al. 2003. Consensus and ancestral state HIV 
vaccines. Science, 299: 1515-7.
Novitsky V, Smith UR, et al. 2002. Human immunodeﬁ  ciency virus type 1 
subtype C molecular phylogeny: consensus sequence for an AIDS 
vaccine design? J Virol, 76: 5435-51.
Pagel M, Meade A, et al. 2004. Bayesian estimation of ancestral character 
states on phylogenies. Syst Biol, 53: 673-84.
Phillips RE, Rowland-Jones S, et al. 1991. Human immunodeﬁ  ciency virus 
genetic variation that can escape cytotoxic T cell recognition. Nature, 
375: 453-9.
Reitter JN, Means RE, et al. 1998. A role for carbohydrates in immune 
evasion in AIDS. Nat Med, 4: 679-84.
Ross HA, Rodrigo AG. 2002. Immune-mediated positive selection drives 
Human Immunodeﬁ  ciency Virus type I molecular variation and 
predicts disease duration. J Virol, 76: 11715-20.
Sali A, Blundell TL. 1993. Comparative protein modelling by satisfaction 
of spatial constraints. J Mol Biol, 234: 779-815.
Salisbury BA, Kim J. 2001. Ancestral state estimation and taxon sampling 
density. Syst Biol, 50: 557-64.
Sanderson MJ. 1996. How many taxa must be sampled to identify the root 
node of a large clade? Syst Biol, 45: 168-73.
Schultz TR, Cocroft RB, et al. 1996. The reconstruction of ancestral char-
acter states. Evolution, 50: 504-11.
Sette A, Vitiello A, et al. 1994. The relationship between class I binding 
afﬁ  nity and immunogenicity of potential cytotoxic T cell epitopes. 
J Immunol, 153: 5586-92.
Swofford DL. PAUP*: Phylogenetic analysis using parsimony (* and other 
methods). [computer program]. 2002. version 4. Sunderland, MA, 
USA:Sinauer Associates.
Swofford DL, Maddison WP. 1987. Reconstructing ancestral character states 
under Wagner parsimony. Math Biosci, 87: 199-229.
Thompson JD, Gibson TJ, et al. 1997. The ClustalX windows interface:
ﬂ  exible strategies for multiple sequence alignment aided by quality 
analysis tools. Nucleic Acids Res, 25: 4876-82.
Thornton JW. 2004. Resurrecting ancient genes: experimental analysis of 
extinct molecules. Nat Rev Genet, 5: 366-75.
Wei X, Decker JM, et al. 2003. Antibody neutralization and escape by HIV-1. 
Nature, 422: 307-12.
Yang Z. 1997. PAML: a program package for phylogenetic analysis by 
maximum likelihood. Comput Appl Biol Sci, 13: 555-6.
Yang Z, Kumar S, et al. 1995. A new method of inference of ancestral 
nucleotide and amino acid sequences. Genetics, 141: 1641-50.
Zhang J, Nei M. 1997. Accuracies of ancestral amino acid sequences inferred 
by the parsimony, likelihood and distance methods. J Mol Evol, 44: 
S139-S46.67
Variation in HIV-1 env ancestral sequence reconstruction
Evolutionary Bioinformatics Online 2006:2
Supplementary Materials
1. Multidimensional Scaling 
of Differences among Ancestral 
Sequences
Multidimensional scaling (Young 1996) was used 
to summarize in 3 dimensions the distance relation-
ships among the reconstructed ancestral sequences, 
to determine whether they clustered according to 
some combination of the techniques used in recon-
struction (Figure S1). The clustering among the 
ancestral sequences was similar to that found using 
UPGMA. Dimension 1 (40.4% of the variation in 
pairwise distance) effectively segregated T- and 
M-rooted sequences [groups 1 (triangles) and 
2 (squares)] from D- and E-rooted sequences 
[groups 3 (circles), 4 (inverted triangles) and 
5 (diamonds)]. Dimension 2 (8.5% of the variation) 
separated group 1 from group 2, and groups 3 and 
4 from group 5. Dimension 3 (7.2% of the varia-
tion) differentiated the subgroups of group 2 (M-
rooted) with the outlier MLLA on the far left, 
P-tree sequences on the far right, and L- and J-tree 
ancestral sequences in the middle. The B-method 
sequences were persistent outliers with respect to 
the method of tree rooting. The consensus of the 
observed sequences (star), expressed as amino 
acids (Con), was embedded in group 1. Open sym-
bols identify the outliers observed in both UPGMA 
and MDS analyses.
2. Effect of Outgroup Sequence
When the phylogenetic tree is rooted using an 
outgroup, there are two potential sources of varia-
tion in the reconstructed ancestors: the indirect 
effect of the placement of the root node on the tree, 
and the direct inﬂ  uence of the outgroup sequence 
on the reconstruction of character states at interior 
nodes in the tree. The relative magnitudes of these 
two effects were investigated by reconstructing the 
ancestral sequence on rooted trees, but with the 
outgroup sequence removed from the input 
sequence alignment. These reconstructed ancestral 
sequences were then compared with ancestral 
sequences reconstructed with the outgroup 
sequence present. This analysis was performed for 
phylogenetic trees rooted using either the D-subtype 
consensus (E-rooted) or the M-group consensus 
(M-rooted) sequences as the outgroup, with the 
tree inferred by maximum likelihood (L-tree), and 
the sequences reconstructed using either maximum 
likelihood (L-method) or maximum parsimony 
(P-method). These combinations include experi-
mental codes MLL–, MLP–, ELL–, and ELP–. 
Ancestral sequences reconstructed at the center of 
the tree, where the tree was estimated using ML 
with invariant sites in the model (experimental 
codes TIL– and TIP–), were included in the com-
parison because these reconstructions necessarily 
lack an outgroup sequence and differ from the oth-
ers primarily in the placement of the root node.
The reconstructed ancestral sequences segre-
gate under clustering into groups primarily on the 
basis of the rooting method (Figure S2). Within 
those groups involving an outgroup, there is a 
tendency for sequences reconstructed when the 
outgroup sequence was present to segregate from 
those reconstructed when the outgroup sequence 
was absent. Clustering on the basis of the method 
of inference of the ancestral sequence is less 
apparent.
To assess the two effects of outgroup rooting, 
the root node placement and the outgroup sequence 
itself, the proportional difference between paired 
sequences was determined (Table S1). The pres-
ence of the outgroup sequence was responsible for 
a 10% difference in the ancestral sequence while 
the position of the root node was responsible for a 
14% difference. By comparison, the method of 
inferring the ancestral sequence on the tree gener-
ated a difference of 9%, regardless of whether the 
outgroup sequence was present. Sample sizes in 
these comparisons are small so statistical signiﬁ  -
cance of these differences cannot be determined. 
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Figure S1. Multidimensional scaling of the p-distances among 
reconstructed ancestral sequences. The ancestral sequences are: 
T-rooted sequences [group 1 (triangles)], M-rooted sequences 
[group 2 (squares)], D- and E-rooted sequences [groups 3 (circles), 
4 (inverted triangles) and 5 (diamonds)], and the consensus (Con) 
of the observed sequences (star).68
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Nevertheless, it is apparent that both effects of 
outgroup rooting make an important contribu-
tion to variation on the reconstructed ancestral 
sequence.
3. Prediction of Structural Properties
The variation in tertiary structure of the ancestral 
sequences was assessed using threading to predict 
the protein fold. Amino acid sequences were 
submitted to GenTHREADER (McGufﬁ  n et al 
2003), which returned a predicted fold and a 
neural network-derived measure of conﬁ  dence in 
the prediction (Jones 1999; McGufﬁ  n and Jones 
2003). The fold prediction included the most 
similar protein structure in the Protein Data Bank 
(Berman et al 2000), the pairwise potential of 
mean force between the atoms in the proposed 
structure of the submitted sequence and those of 
the reference structure (Epair), and the mean 
solvation potential for the amino acid residues in 
the proposed structure (Esolv). Epair measures the 
similarity of the 3-D structure of the query protein 
to that of the model. Esolv measures the degree to 
which amino acid residues are buried within the 
3-D structure, as opposed to being accessible to 
the solvent molecules. Predicted energies with 
larger negative values indicate more favorable 
structures or better fit to the template. In 
preliminary investigations, the HIV-1 Gp120 Core 
protein (PDB ID1gc1G0) was the only reference 
structure returned. This protein structure lacks the 
variable region loops [amino acid residues 
298-324 and 394-403 in the B-subtype consensus 
(Korber et al 2000)] which had been mutationally 
excised prior to structure determination (Kwong 
et al 1998). The sequences subsequently submitted 
to GenTHREADER were pruned both of sites 
where gaps occurred (see above) and of sites that 
were not in the 1gc1G0 reference. Analysis was 
limited for practical reasons to ancestral sequences 
reconstructed from D- and T-rooted trees, repre-
senting the two ways of tree rooting, and all 
observed sequences.
GenTHREADER identiﬁ  ed the same protein 
fold (PDB ID1gc1G0) with high confidence 
(E-value = 0.002) for every observed and ancestral 
sequence. The distribution of alignment scores 
reported by GenTHREADER for the original 
sequences was approximately normal in shape and 
only slightly overlapped that for the ancestral 
sequences (Figure S3A). The major source of 
variation was the method of rooting the phylogenetic 
tree with D-rooted sequences having lower align-
ment scores than T-rooted sequences and the 
consensus of the original sequences (Con). A lesser 
source of variation was the method of reconstruc-
tion, when only among D-rooted sequences did 
P-method sequences have lower scores than 
L-method sequences. A small amount of the dif-
ference may be attributable to the slightly longer 
sequence alignments (166 residues) obtained for 
the ancestral sequences than for the observed 
sequences (161-165 residues).
The distribution of pairwise energy potential 
(Epair), a measure of the predicted ﬁ  t of the query 
sequence to the reference protein fold, was approx-
imately normal for the observed sequences, but 
skewed for the ancestral sequences, with nearly all 
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Figure S2. UPGMA clustering of ancestral sequences reconstructed 
when the outgroup sequence was present (OUT) or absent (noOUT), 
while retaining the position of the root node.69
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ancestral sequences having values below the mean 
value for the observed sequences (Figure S3B). 
A lower negative value of Epair indicates a poorer 
ﬁ  t of the sequence onto the reference fold. Again 
the major source of variation was the tree rooting 
method, with the Epair scores for D-rooted 
sequences lower than for T-rooted sequences and 
the consensus of the original sequences (Con). 
Again a lesser source of variation was the method 
of reconstruction, when only among D-rooted 
sequences, P-method sequences had lower scores 
than L-method sequences.
The distribution of the energy of solvation 
(Esolv), a measure of the energy potential of the 
molecule in a solvent environment, was strongly 
modal for the observed sequences, and skewed for 
the ancestral sequences, all of which fell in the 
upper quartile of the distribution for the observes 
sequences (Figure S3C). Again, a lower negative 
value indicates a less favorable state. The ancestral 
sequences had little variation in Esolv, and no 
methodological differences distinguished those 
with a high score.
The skew in the distributions of the alignment 
scores, Epair and Esolv for the ancestral sequences 
may be attributable to the fact that the various 
reconstructed ancestors are essentially all estimates 
of the same entity, and do not constitute a random 
sample from the space of all sequences. Neverthe-
less, for two of the three parameters the method of 
rooting the phylogenetic tree was the greatest 
source of variation in the reconstructed ancestor.
4. Prediction of MHC Binding Sites
The number and binding afﬁ  nity of T-cell epitopes 
or recognition sites, predicted by MHCPred (Guan 
et al 2003) to occur on each sequence, varied 
considerably both among sequences and among 
MHC Class I alleles. The observed sequences and 
Table S1. Mean (SD) p-distance between paired ancestral sequences, reconstructed with a) outgroup sequence 
present or absent, b) different positions of the root node, and c) different methods of sequence inference 
(ML vs MP).
a) Outgroup sequence present or absent
Outgroup D-subtype (E) M-group (M) Combined
Mean (SD) 0.09 (0.03) 0.10 (0.06) 0.10 (0.04)
b) Different positions of the root node
outgroup sequence present:
Outgroup E vs M Combined
Mean (SD) 0.17 (0.02) 0.17 (0.02)
Outgroup sequence absent:
Outgroup E vs ME  vs TM  vs T Combined
Mean (SD) 0.18 (0.04) 0.13 (0.06) 0.12 (0.03) 0.14 (0.05)
c) Method of inference (ML vs MP)
Outgroup sequence present
Outgroup D-subtype (E) M-group (M) Combined
Mean (SD) 0.05 0.14 0.09 (0.07)
Outgroup sequence absent:
Outgroup D-subtype (E) M-group (M) Center of Tree (T) Combined
Mean (SD) 0.10 0.12 0.03 0.09 (0.04)70
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T- and D-rooted ancestral sequences, representing 
the two types of rooting the phylogenetic tree, were 
analyzed. Figure S4 illustrates the variation in 
number of binding sites, showing cases where the 
distribution for the reconstructed ancestral 
sequences (A) fell below, (B) was coincident with, 
or (C) was above the distribution for the observed 
sequences. The scales on the ﬁ  gure axes also illus-
trate that the number of predicted sites formed the 
series low  medium  high binding afﬁ  nity, 
although the magnitude of the range varied among 
alleles.
To assess whether the number of predicted 
recognition sites varied with the parameters being 
examined, the observed and reconstructed ancestral 
sequences were ranked jointly with respect to 
the number of predicted sites, for each allele and 
binding afﬁ  nity. These ranks were then averaged 
across alleles. See the next section for the average 
rankings.
High afﬁ  nity recognition sites were relatively 
rare, and for only four of the 10 alleles were two 
or more such sites predicted for any sequence, 
either B-subtype or reconstructed ancestral. 
D-rooted ancestral sequences had higher average 
ranks than did T-rooted sequences. Overall, recon-
structed ancestral sequences were widely distrib-
uted throughout the ranks of all sequences.
Medium afﬁ  nity recognition sites were rela-
tively common, with at least one predicted in every 
sequence for seven of the 10 alleles, and in the great 
majority of sequences for nine of the 10 alleles. 
T-rooted ancestral sequences had higher rankings 
than D-rooted sequences, among which the lowest 
average ranks were for P-method sequences. 
Again, reconstructed ancestral sequences were 
widely distributed throughout the ranks of all 
sequences.
Low afﬁ  nity recognition sites were very common, 
and were predicted to occur on every sequence 
investigated. The highest average ranks were 
dominated by D-rooted, L-method sequences. 
Almost all of the reconstructed sequences had 
higher average ranks than did the observed 
sequences, with only a few T-rooted sequences 
falling among the observed sequences.
Taking the gross average of rank across levels 
of binding afﬁ  nity, we ﬁ  nd a predominance of 
L-method and C- or N-format ancestral sequences 
at high average rank. If a weighted average is taken 
using logarithm-scaled weights (high 1.0, medium 
0.1, low 0.01) then the highest overall ranks are 
from D-rooted sequences. The consensus of the 
observed sequences achieved an intermediate score 
in all aspects of this analysis.
The number of epitopes predicted by MHCPred 
can be compared with the frequency of known CTL 
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Figure S3. Frequencies distributions for measures of the quality of 
threading predictions of the protein fold for the observed (line) and 
ancestral sequences (bars), reconstructed from D- or T-rooted 
phylogenetic trees: (A) the sequence alignment score (greater 
alignment score indicates greater sequence similarity to inferred fold), 
(B) the pairwise energy (greater negative score indicates better model 
ﬁ  t) and (C) the solvation energy (greater negative score indicates a 
more favorable structure in an aqueous environment).71
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epitopes in the D- and T-rooted ancestral sequences 
and the consensus of the observed sequences 
(Table 1 in paper). Whereas the consensus 
sequence was predicted to have only an intermedi-
ate ranking in terms of the number of epitopes, in 
fact it contained the same number (i.e., 7) as did 
the majority of D-rooted (16/21) and T-rooted 
(13/15) ancestral sequences. The prediction that 
D-rooted sequences should have more epitopes 
was not supported by epitope database search 
(D-rooted: 16/21 vs T-rooted: 13/15), and the 
prediction that L-method sequences should be 
superior to P-method sequences was only weakly 
supported (19/21 vs 10/14).
5. Average Relative Rank in number 
of sites recognised by MHC Class I 
alleles as predicted by MHCPred
Observed sequences have ID of form AY****** 
and reconstructed ancestral sequences have 4-letter 
ID code indicating method of reconstruction.
Ancestral sequences have been color-coded by 
method of tree rooting and format of sequence 
reconstruction.
See following page.
6. Inference of Ancestral Sequences 
by Bayesian Methods
To assess the variability in the ancestral sequences 
reconstructed using empirical Bayes’ methods, the 
reconstruction obtained using the D-subtype con-
sensus as the constraining outgroup (E-rooted) was 
repeated for different numbers of generations or 
with more chains.
The following settings were used:
•  10 million generations, sampled at intervals of 
500 generations on 1 or 4 chains to give 20,000 
samples (e0bn10M1 and e0bn10M4).
•  30 million generations, sampled at intervals of 
500 generations, on 1 chain to give 60,000 
samples, with 2 replicates (e0bn30Ma and 
e0bn30Mb). One of these replicates is the same 
as E0BN, as reported in the main document.
•  60 million generations, sampled at intervals of 
1000 generations, on 1 chain to give 60,000 
samples with 2 replicates (e0bn60Ma and 
e0bn60Mb).
The replicate ancestral sequence reconstructions 
are widely divergent (Figure S5). Figure S6 plots 
the likelihoods of the sampled trees from the 
6 MCMC analyses listed above. Only the last 
20,000 samples are plotted for each run, which for 
the shortest analyses represents the entire run while 
for the longer analyses it represents the last third. 
Each trace shows a relatively stable trace, after the 
initial phase in the runs involving 10M generations, 
but there is considerable difference among the runs. 
The run using 4 chains achieves the highest likeli-
hood. However when we compare the likelihood 
achieved and the position of the ancestral sequence 
in the cluster analysis, we see that there is no rela-
tionship between sequence similarity and likeli-
hood. Sampling statistics calculated for these 
6 analyses (Table S2) indicate that each analysis 
superficially had a reasonably good effective 
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Figure S4. Frequency distributions of the number of HLA binding 
epitopes predicted by MHCPred to occur in each observed sequence 
(line) or ancestral sequence reconstructed from phylogenetic trees 
using either D or T rootings (bars). These three graphs illustrate the 
range of variation observed: (A) sites with predicted high binding 
afﬁ  nity to allele HLA A*0203, (B) sites with predicted medium bind-
ing afﬁ  nity to allele HLA A*0301, and (C) sites with predicted low 
binding afﬁ  nity to allele HLA A*1101.72
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sample size. However, the failure of the analyses 
to show convergence suggests that lack of mixing 
is a signiﬁ  cant issue. For trees having a radial 
topology, as used in this study, it may be that 
Bayesian analyses, or at least the implementation 
in MrBayes v2, is not appropriate for reconstruct-
ing ancestral sequences, and that the difﬁ  culty of 
demonstrating that a convergent solution has been 
achieved presents a serious operational issue.73
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Legend: D**N/C
D**A
T***
Consensus
seqID Hi seqID Med seqID Lo seqID Gross seqID
Weighted
(1 : 0.1 : 0.01)
SeqID
Over all 
Alleles
seqID
Average
Within
Alleles
DPLN 10.90 AY139320 23.40 DPLA 12.20 AY139380 20.07 AY139320 13.41 DPLN 1.00 DPLA 11.90
AY139275 11.00 AY139318 26.50 DPLN 16.70 DPLN 28.83 AY139380 13.51 DPLA 2.00 AY139380 13.20
AY139320 11.60 AY139380 31.20 AY139380 17.30 DPLA 29.17 AY139299 14.78 DJLN 3.00 DPLN 15.50
AY139380 11.70 AY139327 31.70 DJLN 22.20 AY139318 29.43 AY139275 14.79 AY139380 4.00 DLLN 24.80
AY139299 12.20 AY139352 33.10 DLLN 22.80 AY139328 30.57 DPLN 15.28 DILN 5.00 DJLN 25.70
AY139386 12.60 TPLN 34.00 DILN 24.50 DJLN 31.60 AY139386 15.61 TPLN 6.00 DILN 26.60
DLLN 12.60 AY139336 34.50 DJLC 25.80 TILN 32.53 AY139318 17.04 DILA 7.00 AY139318 27.90
DPPA 12.80 AY139328 34.60 DJLA 27.50 TPLN 32.60 DLLN 17.28 DJLC 8.00 DILA 28.40
DIPA 14.40 AY139321 34.70 DILA 28.50 DLLN 32.97 DPPA 17.37 DLLN 9.00 DJLC 28.70
AY139289 14.70 AY139342 34.90 DILC 30.10 AY139366 34.53 D0BN 18.78 DJLA 10.00 DJLA 29.40
AY139383 14.80 AY139366 35.10 DLLC 32.60 DILN 34.87 AY139328 18.79 TILN 10.00 AY139328 31.80
AY139294 15.30 AY139299 35.50 DLLA 32.90 DILA 35.23 DIPA 19.39 DILC 12.00 DPLC 32.40
AY139385 15.30 AY139359 37.20 DPLC 34.40 DJLA 36.33 AY139284 19.39 DPLC 12.00 TILN 32.40
D0BN 15.60 AY139355 37.90 TILN 37.50 DJPA 36.70 AY139283 19.55 TILA 14.00 DPPA 33.90
AY139283 15.80 TILC 38.10 DPPA 38.30 DPPA 37.37 AY139294 19.79 TPLA 15.00 TPLN 34.40
AY139318 15.80 AY139282 39.00 TPLN 39.60 AY139299 37.70 AY139289 19.85 AY139318 16.00 AY139366 34.80
AY139345 15.90 AY139308 39.10 AY139328 40.10 DPLC 37.73 AY139345 19.87 DLLA 16.00 DLLC 34.90
AY139273 16.10 AY139386 39.60 Consensus 42.60 AY139336 38.13 AY139336 20.06 Consensus 18.00 DLLA 35.30
AY139284 16.10 TILN 39.80 AY139344 43.50 Consensus 38.50 AY139383 20.15 DLLC 18.00 DJPA 35.70
AY139365 16.10 AY139341 41.40 DJPA 44.20 D0BN 38.93 AY139376 20.55 AY139328 20.00 AY139327 37.40
DLPN 16.20 AY139312 41.50 AY139366 45.10 DLLA 39.60 AY139362 20.77 TJLA 21.00 DILC 37.40
AY139362 16.30 AY139316 41.60 TILA 45.30 DLLC 40.03 AY139273 21.23 DPPA 22.00 AY139321 37.60
DLLC 16.70 AY139348 41.60 AY139318 46.00 AY139327 40.23 DJPA 21.34 TJLN 22.00 Consensus 39.30
AY139328 17.00 AY139302 43.10 DIPA 46.20 TILA 40.23 AY139385 21.36 DJPA 24.00 TILA 42.00
AY139329 17.00 TPLA 43.30 TJLN 46.60 AY139341 40.67 DLPN 21.54 D0BN 25.00 TJLN 43.40
AY139350 17.00 TJLA 43.40 AY139383 49.70 AY139321 41.47 AY139313 21.62 TPLC 26.00 AY139336 43.80
AY139376 17.00 AY139357 43.80 DIPN 50.80 AY139284 41.60 AY139357 21.65 AY139321 27.00 AY139299 44.30
DILN 17.80 AY139364 43.80 TPLA 52.20 TPLC 42.03 DLLC 21.72 AY139327 27.00 DIPA 45.90
AY139313 18.00 AY139323 44.70 DJPN 52.50 TJLN 42.17 AY139329 21.78 AY139366 29.00 TPLA 48.20
AY139356 18.00 AY139330 44.90 DPPN 52.90 DJLC 42.33 AY139300 21.86 DPPN 29.00 AY139383 50.40
AY139271 18.10 AY139275 45.80 D0BN 54.10 DIPA 42.40 DILN 21.87 TJLC 31.00 AY139341 50.50
AY139368 18.10 TILA 45.90 DLPN 54.10 AY139359 42.57 AY139341 22.03 AY139336 32.00 TPLC 50.90
AY139336 18.20 Consensus 46.10 AY139321 54.50 DILC 42.70 TILN 22.21 DIPA 33.00 DPPN 51.50
AY139300 18.30 TJLN 46.30 AY139327 54.60 AY139386 43.03 AY139356 22.37 TIPA 34.00 D0BN 52.60
DJPA 18.50 AY139274 46.60 TIPA 55.10 AY139320 43.27 DJLN 23.04 DLPN 35.00 AY139359 54.10
AY139292 18.90 D0BN 47.10 TJLA 55.30 TILC 43.57 AY139365 23.21 TILC 36.00 AY139284 54.20
AY139357 18.90 TPLC 47.10 TPLC 55.90 TPLA 44.03 AY139271 23.28 AY139383 37.00 TJLA 54.20
AY139361 19.10 DJPA 47.40 AY139291 57.30 AY139383 45.07 AY139292 23.34 AY139299 38.00 DLPN 54.30
AY139310 19.70 TJLC 47.40 AY139284 60.50 TJLA 45.10 AY139310 23.40 AY139341 39.00 AY139269 55.20
AY139341 19.70 AY139377 48.10 AY139341 60.90 AY139348 45.40 AY139361 23.50 AY139291 40.00 AY139291 56.30
DLPA 19.90 AY139284 48.20 AY139336 61.70 AY139357 45.97 AY139350 23.52 DIPN 40.00 AY139348 56.90
DJLN 20.10 AY139376 48.80 AY139385 62.30 AY139342 46.60 AY139302 23.82 TPPA 42.00 AY139303 58.50
TILN 20.30 AY139387 49.00 AY139269 63.00 AY139275 46.87 DLPA 23.85 AY139269 43.00 AY139342 59.10
AY139304 20.40 DILA 49.10 AY139343 63.50 AY139300 46.97 AY139368 24.19 AY139348 44.00 AY139369 59.10
AY139317 20.40 DPLA 50.20 TJLC 63.50 DPPN 47.27 DPLC 24.27 AY139359 44.00 TILC 59.80
AY139287 20.60 AY139283 50.40 AY139303 63.60 DLPN 47.33 AY139330 24.29 AY139385 44.00 TIPA 59.90
AY139315 20.60 AY139281 51.30 AY139307 63.70 AY139303 47.50 AY139366 24.65 TPPN 47.00 AY139344 60.70
DPLC 20.80 AY139313 51.60 AY139361 64.30 AY139316 47.70 TILC 24.87 AY139302 48.00 AY139311 61.50
AY139374 20.90 AY139310 51.90 AY139359 64.40 AY139330 47.90 AY139369 25.10 AY139361 48.00 AY139305 62.20
AY139302 21.30 DJLN 52.50 AY139299 65.40 AY139369 48.00 TPLN 25.22 AY139284 50.00 AY139361 62.30
AY139330 21.70 AY139300 52.60 AY139305 65.70 AY139377 48.40 AY139304 25.49 AY139303 50.00 AY139375 62.30
AY139331 21.70 AY139375 52.80 AY139368 65.90 AY139345 48.70 TPLC 25.56 AY139357 50.00 DIPN 62.40
AY139369 21.70 AY139303 53.10 AY139325 66.60 DLPA 48.73 AY139370 25.95 AY139368 50.00 AY139386 62.70
AY139370 21.70 DJLA 53.10 AY139339 66.80 AY139269 48.87 AY139377 25.99 TJPA 50.00 AY139377 63.40
DPPN 21.90 AY139305 53.60 AY139350 67.20 AY139361 48.93 AY139348 26.09 AY139311 55.00 DJPN 64.10
AY139351 22.60 AY139345 53.90 DLPA 67.30 TJLC 49.17 AY139315 26.24 AY139320 55.00 TJLC 64.10
TILC 23.10 AY139270 54.10 AY139369 67.40 AY139294 49.20 DPPN 26.24 AY139342 55.00 AY139274 64.30
TPLC 23.10 AY139279 54.30 AY139311 67.80 AY139302 49.23 AY139317 26.25 AY139369 55.00 AY139385 64.40
AY139343 23.30 AY139358 54.30 AY139289 68.60 AY139289 49.93 AY139351 26.81 AY139386 55.00 DLPA 64.50
AY139344 23.30 AY139269 54.80 AY139270 68.90 AY139375 50.03 AY139349 27.10 DJPN 55.00 AY139357 64.60
AY139349 23.30 AY139369 54.90 TJPA 68.90 AY139270 50.43 AY139364 27.16 AY139305 61.00 AY139300 64.80
AY139377 23.30 AY139295 55.50 AY139290 69.20 AY139283 50.90 DPLA 27.25 DLPA 61.00 AY139330 66.00
AY139366 23.40 AY139362 56.40 TILC 69.50 AY139313 51.20 AY139374 27.34 AY139330 63.00 AY139355 67.40
AY139367 23.40 AY139311 56.50 AY139300 70.00 AY139312 51.27 AY139352 27.39 AY139281 64.00 AY139343 67.60
AY139285 23.70 AY139379 57.70 TPPA 70.00 AY139273 51.40 AY139359 27.45 AY139316 64.00 AY139312 68.20
AY139332 23.90 DLLA 57.80 TIPN 70.20 AY139291 51.40 AY139355 27.66 AY139344 64.00 AY139316 68.20
AY139339 23.90 DPLC 58.00 AY139273 70.50 TIPA 51.50 AY139287 27.80 AY139300 67.00 AY139281 68.40
AY139348 24.10 AY139370 58.40 AY139348 70.50 AY139355 51.57 AY139375 27.93 AY139375 67.00 AY139320 69.80
AY139280 24.20 AY139349 58.50 AY139276 70.60 AY139329 51.60 AY139343 27.95 AY139377 67.00 AY139270 70.10
AY139354 24.20 DPLN 58.90 AY139334 70.60 AY139292 51.73 AY139282 28.05 AY139381 67.00 AY139302 70.40
TPLN 24.20 DLPA 59.00 AY139287 71.90 AY139385 51.83 AY139331 28.18 TIPN 67.00 AY139292 70.80
AY139364 24.70 AY139294 59.40 AY139335 72.00 AY139305 51.93 AY139354 28.23 AY139274 72.00 AY139381 71.40
AY139278 24.90 AY139356 59.50 AY139375 72.30 AY139387 52.10 AY139339 28.26 AY139312 72.00 AY139339 71.50
AY139375 25.00 AY139333 60.10 AY139381 72.60 AY139281 52.40 AY139285 28.33 AY139270 74.00 AY139368 71.80
DPLA 25.10 AY139354 60.30 TJPN 72.80 AY139343 52.57 AY139323 28.33 AY139289 74.00 TJPA 71.80
AY139324 25.20 DPPA 61.00 AY139294 72.90 AY139352 52.67 AY139316 28.48 AY139355 74.00 AY139275 72.30
AY139334 25.40 AY139381 61.10 AY139278 73.40 AY139311 52.80 AY139303 28.60 TJPN 77.00 AY139294 72.30
AY139303 25.80 AY139324 61.80 AY139296 73.40 AY139323 52.90 AY139387 28.66 AY139294 78.00 AY139329 72.40
AY139281 25.90 AY139297 62.30 AY139329 73.40 AY139339 52.90 AY139281 28.68 AY139343 79.00 AY139289 72.50
AY139355 26.00 DILN 62.30 AY139292 73.60 AY139376 53.10 Consensus 28.68 AY139323 80.00 AY139345 73.10
AY139282 26.10 TPPN 62.50 AY139272 73.70 DJPN 53.23 AY139367 29.13 AY139333 80.00 AY139301 74.00
AY139293 26.10 AY139292 62.70 TPPN 73.70 AY139274 53.40 AY139332 29.15 AY139339 80.00 AY139325 74.70
AY139301 26.10 TIPA 62.80 AY139377 73.80 AY139344 53.97 AY139324 29.17 AY139290 83.00 AY139351 74.70
AY139323 26.10 AY139296 62.90 AY139301 74.00 AY139351 54.00 AY139344 29.95 AY139275 84.00 TIPN 74.90
AY139337 26.10 AY139361 63.40 AY139316 74.80 AY139381 54.73 DILA 30.00 AY139283 84.00 AY139283 75.20
AY139352 26.10 DLLN 63.50 AY139357 75.20 DIPN 54.77 AY139301 30.18 AY139292 84.00 TPPA 75.40
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AY139359 26.10 AY139351 64.00 AY139331 75.40 TJPA 54.83 AY139379 30.39 AY139358 84.00 AY139313 75.90
AY139387 26.10 TIPN 64.20 AY139342 75.40 AY139368 54.97 AY139342 30.40 AY139285 88.00 AY139333 76.00
AY139316 26.70 TJPN 64.20 AY139351 75.40 TIPN 55.17 AY139337 30.43 AY139307 88.00 AY139290 77.10
Consensus 26.80 AY139329 64.40 AY139345 76.30 AY139356 55.33 AY139334 30.45 AY139313 90.00 TJPN 77.20
AY139291 27.00 AY139340 64.60 AY139363 76.30 AY139301 55.57 DJLA 30.62 AY139329 90.00 AY139334 77.30
AY139379 27.00 AY139306 64.70 AY139274 76.80 AY139325 56.00 AY139278 30.74 AY139387 90.00 AY139350 77.30
AY139326 27.10 AY139346 65.30 AY139386 76.90 AY139358 56.07 DLLA 30.82 AY139287 93.00 TPPN 77.30
DILC 27.20 TJPA 65.40 AY139330 77.10 AY139333 56.20 AY139270 30.99 AY139301 93.00 AY139387 77.60
DJLC 27.20 TPPA 65.80 AY139333 77.40 AY139350 56.20 TILA 31.12 AY139325 93.00 AY139323 78.10
AY139307 27.30 AY139289 66.50 AY139281 80.00 AY139279 56.53 AY139291 31.14 AY139345 93.00 AY139296 78.30
AY139346 28.00 AY139301 66.60 AY139337 80.80 AY139296 57.37 DILC 31.15 AY139351 93.00 AY139276 79.20
AY139268 28.10 DIPA 66.60 AY139347 81.00 TPPA 57.47 AY139280 31.34 AY139276 98.00 AY139273 79.90
DILA 28.10 DPPN 67.00 AY139387 81.20 TPPN 57.60 DJLC 31.40 AY139279 98.00 AY139358 80.20
DIPN 28.10 AY139273 67.60 AY139285 81.40 AY139334 57.63 AY139269 31.45 AY139297 98.00 AY139376 80.20
DJPN 28.10 AY139339 68.00 AY139312 81.50 AY139290 58.03 AY139358 31.78 AY139272 101.00 AY139285 81.00
DLLA 28.10 AY139271 68.20 AY139279 81.90 AY139285 58.13 AY139346 32.00 AY139273 101.00 AY139272 82.60
AY139270 28.30 AY139304 68.30 AY139309 82.20 AY139364 58.27 AY139312 32.22 AY139350 101.00 AY139356 85.30
DJLA 28.40 AY139337 68.70 AY139340 83.20 AY139349 58.40 AY139268 32.77 AY139356 104.00 AY139297 85.40
AY139269 28.80 AY139347 69.10 AY139302 83.30 AY139308 58.43 DJPN 32.91 AY139334 105.00 AY139363 85.70
AY139358 29.00 AY139285 69.30 AY139286 83.40 AY139337 58.53 DIPN 33.47 AY139331 106.00 AY139347 86.00
AY139288 29.50 AY139319 69.70 AY139275 83.80 TJPN 59.17 AY139326 33.57 AY139278 107.00 AY139352 86.10
AY139290 29.50 AY139360 69.70 AY139313 84.00 AY139271 59.57 AY139381 33.64 AY139347 108.00 AY139307 86.50
AY139325 29.50 AY139291 69.90 AY139322 84.80 AY139282 59.60 AY139325 33.65 AY139376 108.00 AY139331 86.90
AY139342 29.50 AY139383 70.70 AY139358 84.90 AY139310 59.87 TJPA 33.72 AY139337 110.00 AY139279 87.20
TILA 29.50 AY139309 70.80 AY139365 85.60 AY139306 60.30 AY139306 33.90 AY139352 110.00 AY139309 87.70
AY139319 30.20 DILC 70.80 AY139306 85.90 AY139379 60.37 AY139290 33.99 AY139363 110.00 AY139287 88.50
AY139322 30.20 DLLC 70.80 AY139283 86.50 AY139297 60.77 AY139333 34.13 AY139296 113.00 AY139340 88.90
TJPA 30.20 AY139343 70.90 AY139314 87.00 AY139276 61.03 AY139293 34.17 AY139322 113.00 AY139335 89.30
AY139306 30.30 AY139268 71.70 AY139332 87.00 AY139278 61.07 AY139319 34.28 AY139340 113.00 AY139306 89.80
AY139335 30.40 DLPN 71.70 AY139323 87.90 AY139362 61.27 AY139327 34.34 AY139362 116.00 AY139332 90.00
AY139381 30.50 AY139325 71.90 AY139297 88.10 AY139272 61.80 AY139288 34.41 AY139365 117.00 AY139278 90.20
AY139312 30.80 AY139353 73.50 AY139319 88.10 AY139331 61.80 TIPN 34.43 AY139271 118.00 AY139337 90.60
AY139333 31.10 DJLC 74.00 AY139356 88.50 AY139332 62.27 TJLN 34.86 AY139306 118.00 AY139271 91.20
TIPN 31.10 AY139276 74.80 AY139372 88.70 AY139324 62.47 AY139307 34.98 AY139309 118.00 AY139349 92.50
AY139314 31.30 AY139384 74.90 AY139384 89.90 AY139287 62.63 AY139322 35.06 AY139319 118.00 AY139384 92.50
AY139297 31.90 AY139290 75.40 AY139355 90.80 AY139319 62.67 AY139297 35.15 AY139315 122.00 AY139322 93.50
AY139277 33.00 AY139315 75.50 AY139288 91.20 AY139347 62.70 AY139321 35.33 AY139360 122.00 AY139319 94.00
AY139363 33.20 AY139332 75.90 AY139360 92.00 AY139365 63.27 AY139279 35.72 AY139308 124.00 AY139308 94.30
AY139279 33.40 AY139334 76.90 AY139271 92.40 AY139340 63.73 AY139295 36.22 AY139310 125.00 AY139364 94.90
AY139372 33.40 AY139272 77.80 AY139298 93.10 AY139309 64.13 AY139335 36.36 AY139353 125.00 AY139362 95.10
AY139295 33.60 AY139288 77.80 AY139349 93.40 AY139363 64.17 AY139311 36.42 AY139298 127.00 AY139379 95.70
AY139388 33.60 AY139317 77.90 AY139376 93.50 AY139346 64.20 AY139314 36.99 AY139335 127.00 AY139365 98.10
TJLN 33.60 AY139385 77.90 AY139374 94.70 AY139317 64.37 TPLA 37.34 AY139349 127.00 AY139360 98.80
AY139272 33.90 AY139367 78.30 AY139317 94.80 AY139322 64.57 TJLA 37.38 AY139364 127.00 AY139346 99.70
AY139286 34.00 AY139298 78.50 AY139320 94.80 AY139315 64.60 TJLC 37.82 AY139374 127.00 AY139288 100.00
AY139311 34.10 AY139378 78.50 AY139379 96.40 AY139295 64.73 AY139360 37.83 AY139332 132.00 AY139324 100.10
AY139360 34.10 AY139338 78.60 AY139326 96.50 AY139335 64.93 AY139274 38.04 AY139378 133.00 AY139295 101.60
AY139327 34.40 AY139322 78.70 AY139315 97.70 AY139354 65.07 AY139363 38.07 AY139379 133.00 AY139286 102.40
AY139321 35.20 DJPN 79.10 AY139388 98.40 AY139304 65.13 AY139277 38.13 AY139282 135.00 AY139315 103.00
AY139296 35.80 AY139368 80.90 AY139378 98.50 AY139360 65.27 AY139308 38.20 AY139288 135.00 AY139317 104.10
AY139305 36.50 AY139277 82.60 AY139308 98.70 AY139288 66.17 AY139272 38.21 AY139314 135.00 AY139298 105.10
TIPA 36.60 AY139363 83.00 AY139280 98.80 AY139307 66.63 AY139305 38.30 AY139324 135.00 AY139314 105.20
TJLA 36.60 AY139350 84.40 AY139352 98.80 AY139374 66.87 AY139296 38.58 AY139295 139.00 AY139372 105.30
TJLC 36.60 AY139278 84.90 AY139353 99.10 AY139384 67.43 AY139372 39.01 AY139384 139.00 AY139282 105.50
TPLA 36.60 AY139374 85.00 AY139346 99.30 AY139370 68.77 TIPA 39.13 AY139304 141.00 AY139310 105.50
TPPA 36.60 DIPN 85.40 AY139324 100.40 AY139314 69.07 TPPN 39.27 AY139354 141.00 AY139374 107.20
TPPN 36.60 AY139365 88.10 AY139295 105.10 AY139353 69.90 TPPA 39.53 AY139372 143.00 AY139354 108.30
AY139274 36.80 AY139331 88.30 AY139277 106.30 AY139268 69.97 AY139388 40.52 AY139317 144.00 AY139353 108.90
AY139353 37.10 AY139314 88.90 AY139364 106.30 AY139367 70.57 AY139286 40.81 AY139388 145.00 AY139304 110.60
AY139308 37.50 AY139372 90.10 AY139304 106.70 AY139372 70.73 AY139353 40.94 AY139346 146.00 AY139378 110.80
AY139384 37.50 AY139326 92.00 AY139310 108.00 AY139326 71.87 AY139347 41.19 AY139286 147.00 AY139277 112.50
AY139276 37.70 AY139335 92.40 AY139367 110.00 AY139298 72.90 AY139276 41.34 AY139338 147.00 AY139326 114.10
AY139347 38.00 AY139344 95.10 AY139268 110.10 AY139280 73.00 AY139384 41.34 AY139326 149.00 AY139280 114.50
AY139309 39.40 AY139287 95.40 AY139338 110.40 AY139277 73.97 AY139309 42.61 AY139268 150.00 AY139367 115.40
TJPN 40.50 AY139280 96.00 AY139354 110.70 AY139286 74.03 TJPN 42.93 AY139367 151.00 AY139268 120.20
AY139338 42.80 AY139388 103.90 AY139362 111.10 AY139378 75.37 AY139340 45.67 AY139277 152.00 AY139338 121.40
AY139340 43.40 AY139286 104.70 AY139282 113.70 AY139338 77.27 AY139338 46.63 AY139370 153.00 AY139370 121.60
AY139298 47.10 AY139293 106.50 AY139293 117.60 AY139388 78.63 AY139298 50.34 AY139293 154.00 AY139388 121.60
AY139378 49.10 AY139307 108.90 AY139370 126.20 AY139293 83.40 AY139378 52.19 AY139280 155.00 AY139293 133.3075
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Figure S5. UPGMA clustering of the reconstructed ancestral 
sequences including 6 reconstructions performed using Bayesian 
methods and the D-subtype consensus as the constraining outgroup 
(E-rooted). See the text for a description of the computational condi-
tions for the Bayesian reconstructions.
Table S2. Sampling statistics for the 6 Bayesian 
reconstructions of the ancestor, computed using the 
D-subtype consensus as the constraining outgroup 
(E-rooted). Burnin = initial set of samples discarded 
before computation of tau (IACT = integrated Autocor-
relation time) and ESS (Effective Sample Size, i.e. the 
effective number of “independent” samples).
Generations Burnin Tau ESS
10M, 1 chain 2k 230 78
10M, 4 chains 2k 118 153
30M, replicate 1 10k 176 284
30M, replicate 2 10k 324 154
60M, replicate 1 2k 127 456
60M, replicate 2 2k 333 17476
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Figure S6. The likelihood of each sampled tree from the 6 Bayesian reconstructions of the ancestor, computed using the D-subtype con-
sensus as the constraining outgroup (E-rooted). Only the last 20,000 samples are shown in each run. For the runs involving 30 million or 60 
million generations, this chart shows the last third whereas for the shorter runs of 10 million generations this chart shows the entire run.